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Abstract
Severalauthors(e.g.,Brüderl,Diekmann,Yamaguchi)derivehazardratemodels
of event history analysis from social diffusion processes. This paper also focuses on
the integration of diffusion research and survival analysis. After a discussion of
Diekmann’sflexiblediffusionmodel,wepresentanalternativeapproachwhichclar-
ifies theoretical differences between popular rate models (e. g., the exponential
model,log-logistic model,sicklemodel).Specifically,thisapproachprovidesanew
rationale for the generalised log-logistic model in the sense of a flexible infection
process. In cases with bell-shaped duration dependence, it thus allows a test for so-
cial contagion as a result of random contacts between actual and potential adopters.
An application to divorce data serves as an illustration.
1 Introduction
Techniquesofeventhistorymodelingareincreasinglyusedinthesocialsciences.
The range of applications includes labour market studies, demographic analyses,
mobility studies, studies in organisational ecology, political science, etc. Undoubt-
edly,theavailabilityofpanelandretrospectivedatasets(e.g.,theGermanSocioeco-
nomic Panel, Family and Fertility Surveys), different introductory textbooks (e. g.,
Blossfeld and Rohwer 1995; Courgeau and Lelièvre 1992; Diekmann and Mitter
1984;Lancaster1990),aswellassuitablesoftware(e.g.,Rohwer’sTDA),havepro-
moted the spreading of these methods.
Parametricapproachestosurvivalanalysishave,however,atleastonedeficiency:
a theoretical explanation for the estimated statistical model is usually lacking. Gen-
erally, for any given event data, the shape of the empirical transition rate is deter-
mined first by using non-parametric procedures (e. g., the Kaplan Meier estimator).
Thisempiricalevidenceaboutthecourseoftheso-calledhazardrateorriskfunction
isthenusedfortheselectionofasuitableparametricmodelwhichissubsequentlyes-
timated above all by the maximum likelihood method, taking into account covar-
iates. Theoretical considerations rarely refer to the selected hazard rate model, but
rather to the selection and interpretation of covariates for the explanation of the risk
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* WewishtothankJosefBrüderlfordetailedcommentsandAndreasDiekmannfordiscussions.process by endogenisation of at least one process parameter. This is mostly
unproblematiciftheshapeoftheempiricalriskfunction suggestsaunique paramet-
ric model for statistical estimation.
1
However, many social processes are characterised by similarly shaped rates
whichcanbedescribed,fromatheoreticalpointofview,bydifferentmodels.Sucha
situation results, for instance, in the case of an approximately bell-shaped hazard
rate.Thisformisfoundmoreorlessregularlyintheinvestigationofmarriagebehav-
iour, divorce risk, or mobility in firms. Different non-monotonous hazard rate mod-
elscanbeusedforitsrepresentation.Inadditiontothegammamodel,thelog-normal
model, or the log-logistic standard model, Diekmann and Mitter’s (1983, 1984a)
sickle model and Brüderl and Diekmann’s (1995) generalised log-logistic model,
canbeappliedtothedata.Atheoreticallyjustifiedselectionbetweensuchalternative
models would be desirable.
Inordertoobtainthistheoreticalfoundation,someauthors(e.g.,BrüderlandDiek-
mann 1995; Diekmann 1990, 1992; Yamaguchi 1994) link event history models with
models from diffusion research (e. g., Hamblin, Jacobsen and Miller 1973; Mahajan
and Peterson 1985; Rogers 1983). Here, the idea that the respective event history
model can be interpreted in terms of a social diffusion process is fundamental. The
common starting point of these works is in each case a general differential equation
whichcoversamultiplicityofdiffusionhypothesesasspecialcasesandthussuppliesa
process-theoretical rationale for different hazard rate models. Similarly shaped rates
mayalsocorrespondtoquitedifferentdiffusionprocessessothattheknowledgeofthe
underlyingprocesshypothesescaninprinciplebehelpfulintheselectionofasuitable
rate model. Under similar conditions (e. g., goodness of fit), preference should be
giventothateventhistorymodelwhichisaccompaniedbyatheoreticallymoreplausi-
ble diffusion hypothesis for the application under consideration. If, on the other hand,
thereexistsauniquehazardratemodelthatisclearlypreferablefromastatisticalpoint
of view, then the knowledge of the compatible diffusion process at least promotes an
understanding of the process under consideration.
Theconnectionbetweendiffusionresearchandeventhistoryanalysisisthefocus
of the present paper. After an introduction of central concepts, we discuss Diek-
mann’s(1990, 1992) flexiblediffusion model(Section2).Subsequently,wepresent
a more restrictive model (Section 3). This approach illustrates differences in the un-
derlying theoretical processes between established event history models (e. g., the
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1 Someeconomicmodelsofunemploymentdurationsandjobdurationshavebeensuccessfulin
predicting the shape of the duration dependence. However, they do not rely on diffusion pro-
cessesbutmodelthejobsearchbehaviourwithstochasticallyarrivingjoboffers(seeforexam-
ple the survey in Van den Berg 2001).actualandpotential adopters.Anapplication todivorcedataservesasanillustration
(Section 4). Becauseit is especially unlikely that divorce has much to do with social
contagion, the suggested approach of connecting diffusion research and event




period of time, are confronted with a binary and absorbing event the occurrence of
which can be interpreted as a result of a decision (e. g., marriage, divorce, adopting
new technologies).
2Let T be a non-negative continuous random variable, represent-
ing the duration until the occurrence of an event (arrival time or waiting time, de-
pending upon the viewpoint) with distribution function F(t) and density function
f(t)=dF(t)/dt. Because F(t) defines the proportion of the population which has al-
ready experienced theeventup to timet,1–F(t)representsthecomplementary pro-
portionwithouttheeventuptothispointintime.Thehazardrateh(t)=f(t)/(1–F(t))
then gives (approximately) the conditional probability of a change in status in the
(very small) time interval [t, t + t] if the event has still not occurred before t.
These concepts were originally introduced and interpreted in the sense of event
history analysis.Fromtheperspectiveofdiffusion research,other termscanbeused
whichareatleastpartlyborrowedfromepidemiology(cf.,e.g.,Kramer1988).Since
F(t) defines the proportion of prior adopters or those “infected” at time t , this quan-
tity indicates the period-specific prevalence rate. The derivative or density




hazard rate h(t) can be interpreted as the “incidence rate”.
4 It captures the (relative)
influx to the group of adopters during the brief time interval [t, t + t].
Norman Braun and Henriette Engelhardt 113
2 Biologically or technically caused events, such as deaths or damage to a machine, do not fall
into this category.
3 Because dF(t)/dt = f(t) expresses the increase in the proportion of adopters per time unit,
f(t)/F(t) indicates the respective growth rate of the prevalence.
4 AccordingtoKramer(1988:27–32)theprevalenceratedefinestheproportionofadoptersina
certainpopulationatafixedpointintime.Incontrast,theincidenceratealwaysreferstoatime
interval. It defines the proportion of non-adopters from this population who become adopters
duringacertainperiod.Inourcontext(ignoringabsolutesizes)theincidenceratecorresponds
therefore to the hazard rate h(t), while the respective prevalence rate is given by the distribu-
tion function F(t). For avery smallprevalencerate of afeature (e.g.,the proportion of regular
consumersofharddrugsinthetotalpopulation)onecancapturetheincidenceratebytheden-
sity function f(t), because in this case f(t) and h(t)=f(t)/1 – F(t)) are approximately equal.Thus, a process such as spreading of behaviours (or the occurrence of events)
takes account of a connection between incidence and prevalence. In other words, a
diffusion process reflects a functional relationship between h(t) and F(t). Due to the
large number of possible relations and the definition of the hazard rate, the density
f(t) should be expressed as a sufficiently general function of the prevalence F(t). We
now turn to such an integration of diffusion research and event history analysis.
2.2 Flexible diffusion model
Ageneralmodelforconnectingthelogicofdiffusionandeventhistoryanalysisis
suggestedbyDiekmann(1990, 1992). Hismodelisbasedonadifferentialequation.





ferent diffusion processes, Diekmann makes the assumption that the information
transfer takes place by contacts between a subset of the already infected and not in-
fected portions of the population.




cause this product indicates the proportion of interactions between sections of the
populationatt,onecanviewp=p(t)astheprobabilityofaninformativeandthuspo-
tentially infectious contact for members of the risk population at time t.
6 Its weight-
ing with an arbitrarily selectable adoption rate s(t) > 0 then determines the increase
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Therefore, the corresponding hazard rate is:
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5 The related assumption of a “homogeneous mixing” of the population, concerning infection
status,characterises standard models in epidemiology as well (e.g.,Anderson and May 1991;
Bailey 1975). The actors do not differ with regard to age, education, sex etc. Research on so-
cially structured diffusion expanded enormously as a result of the AIDS epidemic. Morris
(1994) presents an overview and a modeling suggestion for dealing with non-homogeneous
mixing in epidemiological models which is based on log-linear methods. Strang (1991) dis-
cusses the role of event history analysis when introducing social-structural features into
models of social diffusion.
6 Thefunctionp(t)canalsoberelatedtothepopulareconomicconceptofthematchingfunction
ormeetingfunctionineconomics,specifyingtheflowoffilledjobsasafunctionofthestockof
unemployed and the stock of vacancies (see e.g. the survey by Petrongolo and Pissarides
2001).so that very different connections between incidence and prevalence are possible.
7
The type of diffusion process aswellasthe interpretation of the adoption rate s(t)is
determinedtoalargedegreebytheselectionoftheparametersmandn.Inparticular,
we can differentiate three processes:
● The parametercombination m = 1 and n = 1 defines the probability of a potential
infection of possible adopters per unit of time through p(t)=F(t)(1 – F(t)). Indi-
vidual instances of adopting behaviour or of events can thus be interpreted as re-
sulting fromcoincidental interactions betweenprior and potential adopters. This
scenario is based on the assumption of homogeneous mixing after contagion. It
thus illustrates pure infection processes. According to Diekmann, s(t) represents




tentially influential contact for potential adopters per unit of time arises through
p(t)=1–F(t),theproportion of thepopulation atrisk. Adopting abehaviour can
beunderstoodhereasaresultofcontactsofthispartofthepopulationwiththeto-
tal system. One can thus regard this as consequences of the influence of sys-
tem-wide sources (e. g., mass media), so that s(t) is interpretable in Diekmann’s
sense as a time-dependent influence rate.
9
● Theparametercombinationm=0andn=2determinestheprobabilityofapoten-
tially influential contact for members of the risk population per unit of time
throughp(t)=(1–F(t))
2.Inthisscenariothecrucialroleisplayedbyinteractions
between potential adopters. Diekmann (1990) speaks of matching processes
(e. g., a sales contract, marriage) in this case, in which s(t) is to be understood as
the time-dependent matching rate.
Diekmann’s approach certainly offers an elegant connection between diffu-
sion-theoreticallogicandevent-analyticmethodology.However,therearealsoargu-
mentsthatjustifytheformulationofanalternativeapproachfortheintegrationofdif-
fusion research and event history analysis:
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7 Diekmann (1990, 1992), Yamaguchi (1994), and Brüderl and Diekmann (1995) present de-
taileddiscussionsofspecialcasesofthisapproachforintegratingdiffusionresearchandevent
history analysis.
8 The example of such an infection process that is probably the most well-known is the logistic




frequently reads about “external influence” in the diffusion-theoretical literature (e. g.,
Mahajan and Peterson 1985), whereas infection stemming from contacts between actors with
or without the feature is referred to there as “internal influence”.● First,itisstrikingthatthetwoparametersareunlimited.Accordingtothelogicof
the diffusion approach, one can interpret p(t)=F(t)
m(1 –F (t))
n as the probability




bly violated with unrestricted values of m and n (example: m =–1 ,n = 1 and




not clear here, for instance, why m = n=0 always means that p=1, but m 
and/or n  always leads to p=0.
● Apart from the selection of the respective interaction pattern by specification of
mandn,theapproachalsopermitsanarbitrarydefinitionoftheadoptionfunction
s(t).Inprinciplethenumberofparameters,andthefunctionalformofs(t),canbe
freely determined. This flexibility is reflected in the fact that there are different
diffusion-theoretical explanations for one and the samehazardratemodel. Thus,
the log-logistic standard model can be interpreted both as an infection process
and a matching process.
10 For other standard models of event history analysis
(e. g., exponential distribution, generalised log-logistic model, sickle model),
ambiguous diffusion-theoretical interpretations are also possible since one can
freelychoosem,n, ands(t)(Braun1998).Inordertoarriveatauniquederivative
of individual event models from (1), one could follow, e. g., Yamaguchi (1994),
and concentrate on pure contagion processes (m=n=1) with flexible selection
of the adoption rate s(t).
In the following section we will focus on an alternative way to avoid such ambi-
guities and interpretation problems. This approach deviates substantially from
Diekmann’s approach in at least two aspects. The arbitrary adoption function s(t)i s
replaced by a flexible function, and the parameters m and n which are unclear as far
as content is concerned, are eliminated in favour of an interpretable quantity. Al-
though fundamental considerations and established concepts are maintained wher-
everpossible,thesedifferencesalreadyfindexpressioninthemodelassumptionswe
specify below.
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10 According to Diekmann (1992), one gets the infection theory explanation for the log-logistic
standard model by the parameter selection m=n=1 and the infection rate s(t)=/t in (1),
whereas the interpretation of the model as a matching process results from the specifications
m=0, n=2 and s(t)=(t)–1 with   > 0 in (1).3 An alternative model
3.1 Model assumptions
Once again, we assume that spreading processes result from appropriate informa-
tion about the characteristic or event under consideration and the respective willing-
ness of the actors to adopt them. Sources of information are interactions between ac-
tors in the system. However, only a subset of all contacts is informative with regard to
thefeature,andnoteveryinformativecontactnecessarilyleadstotheoccurrenceofan
event. Itthereforemakessenseto firstdeterminetheprobability ofan interaction with
an adopter per unit of time and then to specify accordingly the time-dependent adop-
tionfunctionofpotentialadopters.Asimpleassumptionforlinkingthesequantitiesre-
sults finally in a flexible hazard rate function and thus in a general diffusion model.
3.1.1 Probability of informative contacts
The quantities F(t) and 1 – F(t) represent the respective proportions of prior and
potential adopters inthesystem.Ifallactors(independent oftheirstatusconcerning
the event) possess the same chance of beginning an interaction, F(t) determines the
probability of an individual coincidentally meeting a prior adopter. On the other
hand, (1 – F(t)) determines the probability that such a contact is not with an adopter
and therefore uninformative with regard to the event. If one now supposes for each






is the probability that at least one of k’s statistically independent contacts of any




= F(t); for k=2,w (t)=F(t)(2–F(t)); and k  correspondents to w(t) = 1. Under
otherwiseidenticalconditions,w(t)increasesalongwiththeprevalencerateF(t).Be-
cause the latter usually increases with time, the probability of a potentially influen-
tial contact also tends to increase with time passed (since the beginning of the pro-
cess). There is also often a positive or negative time dependency that characterises
the willingness of potential adopters to adopt the characteristic in question.
Norman Braun and Henriette Engelhardt 117
11 Thequantityw(t)definestheprobabilityofaninformativecontactforeachactorinthesystem
independent of his status concerning the feature. Thus it differs in conception from p(t), the
probability of an informative contact for members of the risk population in Diekmann’s
approach.3.1.2 The adoption function
In order to achieve a complete parameterisation, a sufficiently general adoption
functionr(t)0isintroducedwhichdeterminestheadoption rateperunitoftime.
12





whereedefinesthebaseof thenatural logarithm, and thescaling parameterccanbe
re-parameterised if necessary.
14 Thus, the adoption rate for  = 0 and  = 1 is a con-
stant. In all other cases it depends on the time t, though the effect is influenced sub-
stantially by the combination of the respective· parameters  and . The elasticity
function of r(t) gives a brief summary of all possibilities. The elasticity of the adop-









   1 (5)
A one per cent increase in the time passed changes the adoption rate by approxi-
mately100(–1+t)%.Thetimeelasticityofthewillingness ofadoption isformu-
lated in the definition of diffusion processes and the corresponding hazard models
assumptions. Before this can be made clearer, we first need to introduce an assump-
tion about the determinants of the hazard rate.
3.1.3 Hazard rate
The hazard rate, or risk function h(t), indicates the conditional probability of a
statuschangefor‘feature-free’actors.Ifoneassumesthatafeaturespreadsasaresult
ofcontactsbetweenactorsinthesystem,itisplausiblethattheriskoftheoccurrence
of the event will depend on the probability of an informative contact w(t) and the
adoption rate r(t). A high risk of occurrence might exist in particular when both the
probability of an interaction with an adopter and the willingness of adoption are
high.Thus,thefollowingassumptionfordeterminantsofthehazardseemstomakes
sense:
h(t)=r ( t)w(t). (6)






the characteristics of the gamma function, c=b a/( –1 )! if  is a positive real number.
14 Typical re-parameterisations are c = 	/
 and c =  a, whereby , 	, 
 represent positive pa-
rameters.The hazard ratearisesthen asaresult of the product of the time-dependent adop-
tion rate and the probability of a contact which is informative and therefore poten-
tially consequential regarding the event or feature. We have now formulated a gen-
eral diffusion model on the basis of the postulates for r(t) and w(t), as discussed
above.
3.2 Model conclusions
The assumptions (3), (4) and (5) determine a flexible risk function which itself




 –1(1 – (1 – F(t))
k). (7)
Beforelooking atthecorresponding density function f(t)andthereby thegeneral
diffusion equation, itmakessensetodiscussbriefly theprocess-theoretical implica-
tionsof(7).Becauseh(t)=r(t)w(t),andw(t)increaseswiththenumberofthestatisti-
callyindependentcontactsk,h(t)increaseswithk,assumingotherwiseidenticalcon-
ditions. If one assumes 0  F(·)  1, then diffusion processes can be differentiated
according to the potential of influence of interactions:
Contact-dependentspreading:Ifkisnotverylarge,thenw(t)1representsthe
probability of an informative contact. Thus, apart from the adoption function r(t),
thisprobabilityinfluencesthehazardrateh(t)andinteractionsthereforeplayarather
important role for the spreading process.
Contact-independentspreading:Inthecaseofinnumerablecontactsperunitof
time,wehavetheoppositeresult.Intheborderlinecasek,w(t)=1,theriskfunc-
tion h(t) is determined exclusively by the adoption function r(t). In this scenario the
occurrence of an event is independent of the probability of an informative contact
which means that interactions between the system actors play no role in the
spreading process.
The distinction betweencontact-dependent and contact-independent diffusion is
ofcourse,alsorelevantforthedensityf(t)=dF(t)/dtfrom(7).Thisresultsfromcom-







–1(1 – (1 – F(t))
k(1 – F(t)). (8)
Like Diekmann’s differential equation, this diffusion equation is explicitly solv-
ableonlyforcertainparametercombinations.Table1presentsaselectionaccording
to the diffusion-theoretical interpretation of these special cases: for k=1 infection
processesarepresent;fork=
/	,aflexiblemodelarisesinthesenseofageneralised
contagion process; and for k  , we have contact-independent propagation pro-
cesses.Inadditiontoabrieflookattheexponentialmodelandthelogisticmodel,we
will take a closer look at the remaining special cases from Table 1 in the following.
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tive contact concerning the feature per unit of time, so the spreading process occurs
independently of the interaction pattern. The diffusion process thus does not take
place via contagion as a result of interactions between potential and prior adopters.
Rather, it is driven exclusively by the adoption function.
InTable1,thistypeofprocessis,interalia,representedbytheexponentialmodel
whichfrequentlyservesasareferencemodelineventhistoryanalysis.Basedon(8),
this classical model of a contact-independent spreading process results from the ad-
ditionalassumptionofaconstantadoptionrate(cf.,e.g.,Coleman,KatzandMenzel





c(1 –F (t)), F(t)=1–e
–ct,h (t) = c, (9)
Table 1:
Special cases of the diffusion model
Logistic model (spreading through infection):
k=1 as well as c  0,  = 0 and  = 1, so that
w(t)=F(t), r(t)=c and h(t)=cF(t)
Log-logistic model (spreading through infection):
k=1as well as c  0,  = 0 and  = 0, so that
w(t)=F(t), r(t)=c/t and h(t)=( c/t)F(t)
Generalised log-logistic model (spreading through contacts):
k=
 /	  0 and c=	/




t)(1 – (1 –F (t)
/)
Sickle model (contact-independent spreading):
k as well as c  0,  = -1/  0 and  =2 , so that
w(t) = 1 and r(t)=cte
-t/ =h ( t)
Exponential model (contact-independent spreading):
k as well as c  0,  = 0 and  = 1, so that
w(t) = 1 and r(t)=c = h(t)
Note: Further model descriptions can be found in textbooks on event history analysis (e.g., Blossfeld, Hamerle and
Mayer 1989; Blossfeld and Rohwer 1995; Diekmann and Mitter 1984).
120 Diffusion Processes and Event History Analysiswheretheintegrationofthedensityf(t)=dF(t)/dtyieldsthedistributionfunctionF(t)
so that the corresponding hazard rate h(t)=f(t)/(1 – F(t)) is determined by the con-
stant c.
3.2.2 Sickle models
In addition to the exponential model, TABLE 1 contains a further model for a
spreading process which does not rely on contagion by interactions between prior
and potential adopters. The constellation of the contact-independent spreading also
characterises the sickle-shaped hazard function of Diekmann and Mitter (1983,
1984a). Using the positive parameters c and , the “defective” distribution function
F(t) and the hazard rate h(t) of the sickle model are given by
F(t)=1–e















to the hazard function h(t). On the other hand, the transition risk exhibits a linearly
decreasingelasticityoftime(dr/dt)(t/r(t))=1–(1/)t.Aonepercentincreaseintime
(passed since the beginning of the process), will result, up to a certain point in time
(attm=),inaproportionalincreaseinthewillingnessofadoption.Thereafter,how-
ever, there is a proportional decrease. After initial acceleration, the adoption ten-
dencyisthus retardedonceagain,although contactsdo not playaroleinthespread-
ing process. This contrasts with the logic of infection.
3.2.3 Logistic models
Examplesofsocialcontagionprocessesareeasytofind.Thespreadingofcertain
modes, the acquisition of new technologies, and also the propagation of rumors can
alwaysbeunderstoodasconsequencesofinformativeinteractions.Assumingtheva-
lidity of (8), infection processes result if one supposes a statistically independent
contact per unit of time (k = 1) which means that the proportion of adopters deter-
mines the probability of a given informative contact.
The logistic model indicated in Table 1, offers the classical description of infec-
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WithF(0),weassumeapositiveinitialvalueoftheS-shapeddistributionfunction
F(·). Because the adoption rate is determined by the constant c, the hazard function
h(t) represents only a parallel shift in the distribution function. Thus the hazard rate
of the logistic model also indicates an S-shaped process, i. e., the risk of adoption
rises with the process duration. However, there are also infection processes that are
accompanied by an entirely different course of risk.
3.2.4 Log-logistic models
Age-dependent taking up of illegal activities as a result of “bad” contacts or the
beginning of regular drug consumption due to interactions with friends who already
takedrugs could be contact-dependent spreading processeswith bell-shaped hazard
functions.Ifoneconcentratesfirstonpureinfectionprocesses(k=1),andmakesthe
corollary assumption that the adoption function r(t)=c/t is constantly decreasing,
thenthelog-logisticstandardmodelprovestobeanexampleofapurecontagionpro-
cess which can be accompanied by a bell-shaped hazard function.
AsBrüderlandDiekmann(1995)show,thelog-logisticmodelcanbegeneralised
by introducing an additional parameter 	. If we use the positive parameters , 	 and
























which results in the log-logistic standard model for 	 = 
0. For 1, we have a
bell-shaped curve for h(t), while 1 implies a constantly decreasing hazard rate
h(t).
Because the generalised log-logistic model contains the log-logistic standard
modelasaspecialcase,andthelatterisinfection-theoreticallyexplicable,thegener-















((1 – F(t)) – (1 – F(t))
 + F(t)( 1–F(t))
). (14)
So the generalised log-logistic model illustrates a further type of process in Ta-
ble 1. As a flexible model of a contact-dependent diffusion, it is situated between
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tion results for the generalised log-logistic model thus facilitate the choice between
bell-shaped hazard rate models that are based on different process-theoretical foun-
dations. In particular, they make it possible for us to test the infection hypothesis
which justifiesthelog-logistic standard model: Themore	=
isfulfilled, themore
appropriate is an interpretation of a bell-shaped risk process in the sense of a pure
contagion process. This reflects the fact that the infection-theoretical interpretation
ofthelog-logisticmodelfork=1resultsdirectlyfrom(14),wherebyaconstanttime
elasticityof–1isassumedfortheadoptionrater(t).Inadditiontothepossibleconta-
gion-theoretical interpretation, it is thus characteristic for log-logistic models that a
onepercentincreaseintime(passedsincebeginningoftheprocess)willleadtoaone
percentreductioninadoptionwillingness.Theseprocess-theoreticaldifferencesbe-
tween the log-logistic models and the similarly shaped sickle model serve to help in
the selection of the suitable statistical model. We will now show this with an
investigation of duration data concerning “divorce”.
4 An illustration: divorces
One can hardly view divorce as the consequence of social contagion processes.
Ananalysisofdivorcedatamightthereforeshowwhetheroursuggestedapproachof
connecting diffusion research and event history analysis leads to plausible results.
Our starting point is the well-known fact that divorce data can be adequately de-
scribed by a bell-shaped risk or hazard rate function (cf., e. g., Diekmann and
Engelhardt 1999; Brüderl, Diekmann and Engelhardt 1999). In the following, we
takealookatthesicklemodelandthegeneralisedlog-logisticmodel,twoparametric
modelsthatcanillustratesuchashapeforthetransition ratealthough theyarebased
on different process-theoretical considerations. Although we orient ourselves
throughout to the traditional procedure for the employment of event-analytic meth-
ods indivorceresearch,thesubstantivefindings ofthedataanalysisareneglectedto
a large extent.
15 Our objective is to prove that the process-theoretical considerations
discussedabovecanbeofusewhenchoosingbetweencompetitivehazardratemod-
els.Afterabriefdescriptionofthedataandcovariates,wewillalsodealbrieflywith
the statistical procedures that are usually employed in model selection.
4.1 Data and variables
ThisstudyisbasedontheGermanFamilySurveyfrom2000whichwasadmin-
istered by the German Youth Institute (DJI). The DJI study is a random sample of
theentireEastandWestGermanresidentialpopulationbetweentheagesof18and
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15 Detailed interpretations of the content of similar estimation results can be found in Brüderl,
Diekmann and Engelhardt (1997), as well as in Diekmann and Engelhardt (1999).55 living in privatehouseholds. Atotal of 10,093 people participated in personal in-
terviews in which detailed information on their partnership history was collected.
2,002oftherespondentsinWestGermanywereinterviewedalreadyathirdtimeina
panel starting in 1988, and 8091 persons wererandomly selected.Due to high panel
mortalitywefocusonthecross-sectionalsurvey.Althoughtheresponseratewasrel-
atively low in the cross-sectional sample (52%), comparisons of the distributions of
socio-demographic variables with official statistics show that deviations are no
greaterthaninothernationalsurveys.Womenandpersonsnotinthelabourforceare
somewhat overrepresented, while family and household type both correspond to of-
ficial statistics (Infratest 2000). For the following analyses we consider only first
marriages of both partners in West Germany, excluding persons born abroad,
“Aussiedler”(ethnicGermanrepatriates,comingmainlyfromRussia),andmigrants
from East to West who where over age 20 at the time of migration. There are
3,844 first marriagesin the data of which 17,9% had ended in divorce by the timeof
inquiry.Apartfromthecentralvariable“marriageduration”,thedatasetallowsusto
control for numerous characteristics of the respondents and the couples which are
considered to be central divorce determinants (cf., e. g., Engelhardt 2002). These
characteristics can thus be included in the analysis as covariates.
4.2 Estimation and testing procedures
For estimation purposes, covariates are generally included in the respective haz-
ard rate model, with an exponential link function through selected process parame-
ters. In the sickle model the parameters c and  are usually defined as follows (e. g.,




same notational logic, we follow the recommendation of Brüderl and Diekmann




the estimated coefficients of the covariates indicate the “relative risks”. The propor-
tional rate effect of the jth th covariate is given by 100(bcj – 1)%.
If the vector of covariatesxi and the marriageduration ti areknown for each indi-
vidual i, then the b-coefficients can be estimated, taking censored observations into
accountconsistentlyandtheycanbe(asymptotically)normallydistributedbymeans
ofthemaximum-likelihoodmethodwhichenablesustoemployinference-statistical




vector of coefficients b. N defines the number of cases and di is a binary variable
which takes on the value 1 for uncensored observations. We obtain the maximum
likelihood estimations using Rohwer’s program TDA, although we used the epi-
sode-splitting technique for the time-varying covariates (cf., e. g., Blossfeld and
Rohwer 1995).
To evaluate the degree of improvement in the estimation ensuing from the addi-
tion of further parameters or covariates, the Likelihood Ratio test is usually used. It
compares the maximised likelihood of the interesting (or unrestricted) model LU,
with the maximised likelihood of the reference (restricted) model, LR. The Likeli-
hood Ratio test statistic LR = 2(lnLU–lnLr) is asymptotically 
2-distributed, with the
difference in parameters or covariates of the models under consideration as degrees
offreedom.IfLRexceedstherelevantcriticalparameter,thentherestrictionscanbe
rejected. Roughly speaking, the interesting model turns out to offer a significant
improvement in the estimation.
In addition, the likelihood ratio statistic offers the basis for a comparison of
non-nested models (e. g., the sickle model and the generalised log-logistic model)
usingtheBayesianInformationCriterionBIC(Raftery1995). Therefore,onecalcu-
lates for each model:
BIC = ln(n)z–L R
where z indicates the number of additional parameters in comparison to the selected
referencemodel(e.g.,exponentialdistribution).Usuallyoneconsidersthemodelwith
thesmallestBICvaluetobetherelatively“best”model.Inthecontextofaselectionto
be undertaken on the basis of statistical criteria, this model would be selected.
4.3 Results and model selection
We now compare the sickle model and the generalised log-logistic model on this
basis. We first consider the results of an estimation of both models without taking
covariatesintoaccount(Table2).Theestimationresultsfromthesicklemodelindicate
thatthemaximumdivorceriskoccursatapproximatelynineyears(=8.884),whilethe
generalised log-logistic model fixes this point at somewhat over seven years.
16
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16 AccordingtoBrüderlandDiekmann(1995),inthecaseofthegeneralisedlog-logisticmodel,
the timing of the maximal divorce risk is at tm = (1/
)( – 1)1/
.When using the estimated re-
sults, one gets tm= 7.109.Table 2:
Maximum likelihood estimations of the divorce risk for three models without covariates
Parameters and
test statistics
Sickle model log-logistic model Generalised log-
logistic model
c 0.005*** – –
 8.884*** – –
 – 0.012*** 1.924***
	 – – 0.015***

 – 1.232*** 0.135*
– Log-likelihood 2899.702 2917.391 2897.492
LR 61.535 26.159 65.957
df 112
BIC -53.477 -18.101 -49.841
Notes: * significant for p  .05, *** significant for p  .001. LR is the likelihood-ratio statistic with df degrees of
freedom. BIC is the Bayesian Information Criterion with the exponential model without covariates as
reference model (Log-Likelihood = -2930.47).N = 3159.
In addition to the estimated values for the process parameters, TABLE 2 also in-
cludes information about the test statistics and ’goodness-of-fit’measures we have
discussed. The exponential distribution without covariates serves in all cases as the
referencemodel.
17IfoneusestheBayesianInformation CriterionBICformodelse-
lection, then the sickle model is to be preferred to the log-logistic model and to the
generalised log-logistic model, judging from the estimated results for the scenario
without covariates.
If one includes the covariates in the analysis, this result remains stable, as can be
seeninTable3.Regardlessofwhetheronecarriesoutthecomparisonwiththeexpo-
nential model with or without covariates, the sickle model presents itself as the
“better”model,duetothesmallerBICvaluefortheanalysisofthedivorcedataunder
consideration. So if one chooses among parametric hazard rate models on the basis
ofstatisticalcriteria,thentheinclusion(orexclusion)ofcertaincovariatesobviously
plays a substantial role in the decision-making process.
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17 Theestimatedvalueoftheconstanthazardrateintheexponentialmodelis0.011.Incompari-
son to this basic model with constant rate, the relative likelihood improvement achieved with
the estimation from the Sickle model, the log-logistic model and the generalised log-logistic
model is small in each case. When using McFadden’s Pseudo-R2(=(ln LR – ln LU)/In LR)a sa
conservative measure for the relative likelihood improvement, one gets the value 0.01 for the
sickleandthegeneralisedlog-logisticmodeland0.04forthelog-logisticmodel.Ifoneconsid-
ers also the covariates mentioned, this results in a Pseudo-R2 of about 0.012 for the sickle
model and the generalised log-logistic model and 0.02 for the log-logistic model.Table 3:









Constant 0.060*** 0.170*** 0.002
Married 1971–80 (=1, 0 else) 1.292+ 1.322** 2.671**
Married 1981–90 (=1, 0 else) 2.285*** 2.108*** 13.867***
Married 1991–2000 (=1, 0 else) 2.870*** 2.283*** 19.627***
Catholic couple (=1, 0 else) 0.694** 0.776** 0.425**
Non religious couple (=1, 0 else) 0.742 0.805 2.281***
Mix of religions (=1, 0 else) 1.124 1.078 1.325
Mix of nationalities (=1, 0 else) 0.990 0.934 0.894
Years of cohabitation 0.968 0.982 0.930
Child before marriage (=1, 0 else) 0.968*** 0.545*** 0.160***
First child (time dependent) (=1, 0 else 0.438*** 0.377*** 0.160***
Husband: age at marriage 0.990 0.992 0.978
Wife: age at marriage 0.944** 0.958** 0.873**
Wife is 2+ years older (=1, 0 else) 1.129 1.155 1.341
Husband: years of education 0.954 0.972 1.061
Wife: Years of education 1.025 1.019 0.894
Marriage in church (=1, 0 else) 0.488*** 0.581*** 0.181***
No siblings (=1, 0 else) 1.028 1.058 1.080
Father: Abitur (=1, 0 else) 1.224 1.152 1.519**
Grown up without parents (=1, 0 else) 1.775+ 1.490 1.607**
Grown up with widowed parent (=1, 0 else) 0.970 0.945 0.904
Grown up with divorces parents (=1, 0 else) 2.416*** 1.831*** 7.909***
Grown up with single parent (=1, 0 else) 1.841+ 1.431 4.098+
Mating: strong ties (=1, 0 else) 0.831+ 0.865+ 0.647+
Mating: weak ties (=1, 0 else) 0.736* 0.788** 0.489*
c par. – –
 12.449 – –
 – 1.579*** 1.424***
 – – 1.670
 par. par.
– Log-likelihood 2534.209 2536.612 2548.363
LR 92.745 87.9406 64.435
df 11 2
BIC -184.251 -79.928 -48.411
Notes: + significant for p  .1, * significant for p  .05,** significant for p  .01*** significant for p  .001.
Reported are the b-coefficients of the covariates which determine the “par.”-marked process parameters. Reference
categories: marriage cohort 1971–80,Protestant couple, same nationalities, no child before marriage, no first child,
wifeisnot2+moreyearsolder,notmarriedinchurch,siblings,fatherhasnoAbitur,livedwithbothparentsuptoage
15, mating: no ties. LR is the likelihood-ratio statistic with df degrees of freedom. BIC is the Bayesian Information
Criterion with the exponential model with covariates as reference model (Log-likelihood = -2580.582). A
comparison with the exponential model without covariates yields LR (BIC) = 384.552 (-184.251) for the sickle
model, LR (BIC) = 379.746 (-179.446) for the log-logistic model, and LR (BIC) = 356.241 (-147.928) for the
generalised log-logistic model. N = 3017; number of splits = 5161.
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One could take a pragmatic point of view and point out that the effects of covariates
are practically identical at least in the sickle and in the log-logistic model. In the
three-parametric generalised-log-logistic model, the estimated coefficients differ
substantially. From this perspective, the question of model selection between the
two-parametric models appears irrelevant in the case that the list of the covariates is
fixed.However,thislineofargumentation isnotentirelyconvincing. Thecovariates
can be compatible sooner with a certain type of the propagation than with another
type.ThecovariatesfromTable 3refertoindividualandcouple-specificcharacteris-
tics but not to relations with other persons and their characteristics. In this applica-
tion, interactions with unmarried or already divorced actors should therefore not be
crucialcomponentsofthepropagationprocesswhichisdeterminedbythechoiceof
theestimatemodel.Giventhelistofcovariates,theassumptionofacontact-indepen-
dent propagation process seems appropriate for this example.
Furthermore,covariateeffectsarefrequentlyinterpretedwiththehelpoftheories
thatrefer,moreorlessexplicitly,totheindividualdecisionbehaviourconcerningthe
event under consideration (e. g., divorce). For reasons of consistency, this theoreti-
cally founded micro-interpretation of covariate effects should not collide with the
macro-process which is specified by the choice of parametric event model. Even if
the covariates are fixed, for an adequate interpretation of their effects a process
model has to be estimated that is compatible with the initial theoretical con-
siderations.






preted as being a caseof social infection. The estimated values of the  and 
 for the
scenariowithoutcovariatesinTable2thenexcludeaninfection-theoreticalinterpre-
tation of the divorce data (k  15).
Instead, these values indicate, as expected, that the divorce risk depends less on
interactions with third persons than on the adoption function which is substantially
determined by individual characteristics of the spouses and intra-couple processes.
Moreover, if one considers the estimated results from Table 3, most covariates ex-






ples who met incidentally without a social network (e. g., friends or relatives) in-
volved.
Overall,theseresultsareinagreementwiththebasicintuitionthatdivorcesresult
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ingtimespenttogether,oneacquiresadditionalinformationaboutpositiveandnega-
tivecharacteristicsofone’spartnerandconflicts,boredom orindifferencecancome
about; factors that manifest themselves in an increasing inclination on the part of at
least one of the partners to separate. These considerations are in keeping with exist-
ing theories of divorce research which form the basis of interpretations of the
covariate effects. For example, according to Becker’s economic theory of divorce
(1991) it is the information about one’s spouse acquired in the course of time which
increases the likelihood of divorce. A general sense of disillusionment about one’s
spouse can arise as a result of additional experiences, or a mismatch can be
diagnosed, so that an end to the relationship ultimately appears as the lesser evil.
Intheanalysisofdivorcedata,theeffectsofcovariatesarefrequently interpreted
in the sense of Becker’s family economics. From a process-theoretical perspective,
suchaninterpretation ismostlikelycompatiblewiththeassumptionofacontact-in-
dependent propagation. Accordingly, if one considers the event “divorce”, it makes
sensetousethesicklemodel.Iftheunderlying logicofspreading isunclearinsome
other application with bell-shaped rate process, such doubts might well be elimi-
nated by the estimation of the generalised log-logistic model. Indeed, according to
the model for connecting diffusion research and event analysis presented here, pro-
cess-theoretical considerations facilitate the choice among competitive hazard rate
models, if statistical criteria do not offer us a clear basis for decision.
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